We investigate the empirical relationship between stock returns, return volatility and trading volume in the Brazilian stock market (Bovespa). Our sample contains stock return and trading volume data from a theoretical portfolio including stocks participating in the Bovespa Index (Ibovespa) extending from 01/03/2000 through 12/29/2005. The empirical methods used include cross-correlation analysis, unit-root tests, bivariate simultaneous equations regression analysis, GARCH and VAR models, and Granger causality tests. We find support for a contemporaneous as well as a dynamic relationship between stock returns and trading volume, implying that forecasts of one of these variables can be only slightly improved by knowledge of the other. Besides, our results indicate that contemporaneous and dynamic relationships between return volatility and trading volume also exist. Additionally, by applying Granger's causality test, we find that return volatility contains information about upcoming trading volume and vice versa.
INTRODUCTION
mpirical studies on stock markets usually focus on stock prices and their behavior over time. However, due to some undesirable stochastic properties of stock prices, especially non-stationarity, most researchers concentrate on stock returns rather than prices. Based on the existing information about a firm, its stock returns reflects the investors' expectations on the future performance of that firm. The arrival of new information makes investors to adapt their expectations and this is the main cause for price and return changes. However, since investors are heterogeneous when interpreting new information, stock returns may stay unchanged even though new information is brought to the market. This will be the case if some investors interpret some bits of information as good news while others find it to be bad news. Therefore, price changes indicate the average reaction of investors to news. On the other hand, stock returns may only change if there is positive trading volume. As it happens with returns, trading volume and its changes mainly reflect the available set of relevant information perceived by the market. Differently from stock prices and returns, however, a relevant change in investors' expectations always leads to an increase in trading volume which therefore reflects the sum of investors' reactions to news. Studying the joint dynamics of stock returns and trading volume therefore improves the understanding of the microstructure of stock markets.
Our study is inspired on a previous work which investigates the relation between stock returns, return volatility and trading volume in the Austrian stock market (MESTEL; GURGUL; MAJDOSZ, 2003) . Our investigation cover not only contemporaneous but also dynamic relationships. Our results indicate that there is an association between stock returns and trading volume in the Brazilian stock market. This implies, inter alia, that knowledge of trading volume may improve short-run return forecasts. Moreover, we find support for the hypothesis of a positive relationship between return volatility and trading volume. Actually, this positive relationship shows evidence of a mutual Granger causality between return volatility and trading volume.
The paper is organized as follows: In section 2 we present a brief discussion on the extant literature and in Section 3 we describe the methods used in our empirical investigation. In section 4 we show our findings with respect to the contemporaneous and the dynamic relationship between stock returns, return volatility and trading volume. Section 5 concludes the paper.
LITERATURE REVIEW
Several studies have examined the empirical relationship between trading volume and stock returns. Some of these have investigated the connection between trading volume and price changes by itself, usually using price indexes (KARPOFF, 1987; HIEMSTRA and JONES, 1994; BRAILSFORD, 1996; LEE and RUI, 2002) . The results of these studies diverge from each other, although a positive relationship is mainly reported. Also, the association between stock return volatility and trading volume has been analyzed by several authors since the 1980's (KARPOFF, 1987; BROCK; LEBARON, 1996; LEE; RUI, 2002; MESTEL; GURGUL; MAJDOSZ, 2003) .
Recently, stochastic time series models of conditional heteroscedasticity have been used to explore this relationship (LAMOUREUX; LASTRAPES, 1990; ANDERSEN, 1996; BRAILSFORD, 1996; GALLO; PACINI, 2000; OMRAN; MCKENZIE, 2000) . Most of these studies mostly conclude that there is evidence of a strong relationship, which is both contemporaneous as well as dynamic, between return volatility and trading volume. However, there is reported evidence using intraday data from the Dow Jones Industrial Average stocks of only significant lead/lag relations but not of contemporaneous correlation between return volatility and trading volume (DARRAT; RAHMAN; ZHONG, 2003) .
A recent study scrutinizes the empirical relationship between stock returns, return volatility and trading volume on the Austrian stock market (MESTEL; GURGUL; MAJDOSZ, 2003) . The authors find only weak support for a contemporaneous and dynamic relationship between stock returns and trading volume, implying that forecasts of one of these variables cannot be improved by knowledge of the other. However, they find evidence of a strong contemporaneous relationship between return volatility and trading volume and that return volatility contains information about upcoming trading volume.
METHODOLOGY

Sample and Data
Our data set comprises daily market price and trading volume series for a theoretical portfolio consisting of assets belonging to all (57) firms participating in Ibovespa, the Brazilian stock-exchange (Bovespa) index. Overall, these assets account for over 80% of Bovespa's market capitalization. The investigation covers the period extending from 01/03/2000 to 12/29/2005. Ibovespa is a market-capitalization weighted stock index that indicates the total return performance of all securities traded in the prime market segment of Bovespa and works as a benchmark for institutional investors.
All trading volume and stock index data are primarily provided by Bovespa and were collected from Economatica ® 's database. Continuously compounded stock returns are calculated from daily stock prices at close, adjusted for dividend payouts and stock splits. Since Brazilian inflation is not negligible, around 11.5% per year during the [2001] [2002] [2003] [2004] [2005] period, according to the Brazilian general price index, IGP-DI, we deflate the trading volume and the Ibovespa series using the IGP-DI itself. The data on the IGP-DI were collected from IPEA -Instituto de Pesquisa Econômica Aplicada's website (IPEA, 2005) . Since trading volumes in Brazilian currency (BRL$) are quite large numbers, we transformed the series into an index, with the first observation being set to 100.
Cross-Correlation Analysis
As a first step to investigate the relationship between stock return and trading volume, we calculate the cross-correlation coefficients (Rt,Vt) for all firms:
where Rt and Vt stand for stock return and trading volume, respectively, on day t, Cov( . , . ) denotes covariance and  () is standard deviation.
Testing for Unit Roots
To test for the contemporaneous as well as causal relation between trading volume, stock returns and return volatility, we use an unrestricted Vector Autoregressive (VAR) model that can be sensitive to non-stationarity. Therefore we check the hypothesis of whether the 
where y is the variable being tested for unit roots (stock return or trading volume), µ,  and  are model parameters and t is an I.I.D Gaussian (0,  2 ) white noise error term. The unit root test is carried out by testing the null hypothesis  = 0 against the one sided alternative  < 0. The t-Student-statistic of the estimated parameter  does not have a conventional t-distribution under the null hypothesis of a unit root. Instead, we use the critical values recommended by MacKinnon (1991) . If the ADF t-statistic for  lies to the left of these values, the null hypothesis can be rejected.
Stock Returns and Trading Volume
The empirical procedure in this section further tests the contemporaneous relationship between stock returns and trading volume. We apply the multivariate model proposed in a previous work, which is defined by the two equations below (LEE; RUI, 2002) :
where i and i , i = 1, 2, 3, are model coefficients and ut and vt, denote I.I.D Gaussian (0,  2 ) white noise error terms. To estimate the model coefficients we apply the full-information maximum likelihood method.
Although we may find stock return levels and trading volume to be mostly uncorrelated that does not mean that there is no relationship between these variables at all. It is often reported that price fluctuations tend to increase if there is a high trading volume, especially in times of bullish markets. That is, there might be a relation between higher order moments of stock returns and trading volume. We scrutinize this by extending a model which relates trading volume to squared stock returns by means of the following regression (BRAILSFORD, 1996) :
where Dt denotes a dummy variable that equals 1 if the corresponding return Rt is negative and 0 otherwise. To avoid the problem of serially correlated residuals documented in Brailsford (1996) we include lagged values of Vt up to lag 2. The estimate of parameter 1 measures the relationship between return volatility and trading volume irrespective of the direction of the price change. The estimate of 2, however, measures the degree of asymmetry in that relationship.
Conditional Volatility and Trading Volume
Eventually, the finding of a contemporaneous relationship between trading volume and squared stock returns raises the question of whether trading activity can be identified as a potential source for the observed serial dependence (persistence or hysteresis) in return volatility. This is motivated by the theoretical works on the Mixture of Distribution Hypothesis (MDH) (CLARK, 1973; EPPS, 1976; TAUCHEN; PITTS, 1983; LASTRAPES, 1990; ANDERSEN, 1996) . This hypothesis affirms that stock returns are generated by a mixture of distributions in which the number of information arrivals into the market represents the stochastic mixing variable. Return data can be regarded as a Since the information flow into the market is widely unobservable, we use trading volume as a proxy. Systematic variations in trading volume are assumed to be caused only by the arrival of new information. Trading volume typically exhibit the assumed time dependence. We specify the stochastic process of stock returns as a simple GARCH (1,1) process with an autoregressive term in the mean equation and trading volume as an additional predetermined regressor in the conditional variance equation:
where It-1 denotes the set of information available at t-1 and  2 stands for the variance of t. The parameters of equations (7) and (8) are estimated by means of maximum likelihood. Note that in equation (8) the sum of parameters 1 and 1 is a measure of the persistence in the variance of the unexpected return t taking values between 0 and 1. The more this sum tends to unity the greater the persistence of shocks to volatility, which is also known as volatility clustering or hysteresis.
Causal Relationship
Up to now we have mainly concentrated on the contemporaneous relationship between stock returns, return volatility and trading volume. In this section we extend our analysis by examining the dynamic (causal) relationship. Testing for causality is important since it can help to better understand the microstructure of stock markets and can also have implications for other markets (e.g. options markets).
We investigate causality between trading volume and stock returns and between trading volume and return volatility in both directions by means of Granger's causality test (GRANGER, 1969) . A variable y is said to not Granger-cause a variable x if the distribution of x, conditional on past values of x alone, equals the distribution of x, conditional on the past of both x and y. On the other hand, if this equality does not hold, y is said to Granger-cause x. However, this does not mean that y causes x in the more common sense of the term but only indicates that y precedes x.
To test for Granger causality we use a bivariate VAR model of order p of the form:
The null hypotheses that R does not Granger-cause V and that V does not Grangercause R imply that i (i = 1, …, p) are all equal to 0. To test the null we calculate the Fstatistic: of observations. The statistic in equation (11) is asymptotically F distributed under the null with p degrees of freedom in the numerator and (N -2p -1) in the denominator. The parameters i and i in equation (9) and (10) are estimated by OLS. To decide upon the appropriate order p of the VAR we use the adjusted R² and the Akaike and the Schwartz information criteria (AIC/SIC). These are measures of goodness of fit that adjust for the loss of degrees of freedom resulting from adding additional lags to the model. The bivariate regressions in (9) and (10) are re-estimated with squared values of stock returns instead of return levels.
RESULTS
Descriptive Statistics
We started our investigation with some basic descriptive analysis of the time series of stock returns and trading volume, which are shown on Figure 1 and Table 1 .
The mean daily stock return is equal to 0.000398%, with a standard deviation of 2.6%. The 'fat-tailed and highly-peaked' stylized fact that is often reported for return series is mostly present in our data. The excess kurtosis is 0.501 and the return skewness is 0.155. Applying the Jarque-Bera test for normality we find strong support for the hypothesis that the time series of stock returns do not correspond to a normal distribution. Unlike stock returns, return volatility as well as trading volume present strong persistence in their times series, which is investigated in this section by means of a GARCH model. Hence, in accordance with the stylized facts of volume series documented in the extant literature, our volume data show remarkably non-Gaussian characteristics, i.e. positive excess kurtosis and skeweness to the right (Andersen, 1996) . In addition, we find that log-values of trading volume can be assumed to follow a normal distribution.
To proxy return volatility we use squared values of daily stock returns. These time series display the usual time dependency of stock returns in the second order moment (volatility persistence or hysteresis) implying that returns cannot be assumed to be I.I.D. From Table 1 we find that there is a low but significant contemporaneous positive correlation between stock return levels and trading volume. The correlation is even weaker but significant if one computes the correlations between stock returns and lagged and lead trading volume.
On the other hand, Table 1 indicates that there is no positive contemporaneous relationship between trading volume and return volatility. There is, however, a low positive but significant correlation between lagged trading volume and return volatility and a low negative correlation between lagged return volatility and trading volume. This is a first indication that there might exist a causal relationship between trading volume and return volatility. These findings are further investigated in the next sections. The results presented in this section are in accordance with previous empirical findings (BROCK; LEBARON, 1996; MESTEL; GURGUL; MAJDOSZ, 2003).
Unit Root Tests
As discussed in Section 3.3, after conducting ADF tests according to equation (2) for the time series of stock returns and trading volume we find the parameter  to be negative and statistically significant at the sensible levels. Hence we come to the conclusion that all three time series, i.e. stock return, stock return volatility and volume (R, R 2 and V) can be considered stationary. Table 3 shows the results of the unit-root tests. 
Contemporaneous Relationship between Stock Returns and Trading Volume
The tests for contemporaneous relationships between stock returns and trading volume were described in Section 3.4, and they are performed by means of equations (3) and (4), which are jointly estimated by full-information maximum likelihood. The results of these are shown on Table 4 .
Our findings confirm the cross-correlation analysis that there is evidence of a contemporaneous relationship between stock returns and trading volume. The parameters 1 in equation (3) is significant at the 1% level and it is positive. There is also evidence of a lagged relationship between stock returns and trading volume, since the parameter 2 in equation (3) is also positive, although significant only at the 6.7% level. However, the contemporaneous relationship between stock returns and trading volume is not simultaneous, since the parameter 1 in equation (4) is not significant, which means that R depends on V, but V does not depend on R. The strong time dependency of trading volume is documented by highly significant parameters 2 and 3 in equation (4).
It has been often reported that price fluctuations tend to increase if there is high trading volume, especially in times of bullish markets. That is, there might be a relation between higher order moments of stock returns and trading volume. We investigated this by extending a model which relates trading volume to squared stock returns by the following regression (BRAILSFORD, 1996) : where Dt denotes a dummy variable that equals 1 if the corresponding return Rt is negative and 0 otherwise. To avoid the problem of serially correlated residuals previously documented, we include lagged values of V up to lag 2. After this, we find et in equation (5) to be largely non-serially correlated. The estimate of parameter 1 measures the relationship between return volatility and trading volume irrespective of the direction of the price change. The estimate of 2, however, measures the degree of asymmetry in that relationship. 2.067719 We find parameter 1 to be positive and significant and parameter 2 to be negative and significant. These findings strongly support the hypothesis that higher trading volume is associated with an increase in stock return volatility and that this relationship is more pronounced when stock prices increase. Good news (increasing prices) therefore induces more trading volume than bad news (declining prices), which is also consistent with the assumptions put forward by behavioral finance (RITTER, 2003) .
Conditional Volatility and Trading Volume
The results of the joint estimation by maximum likelihood of equations (6) 1 and 1 to be positive and significant. The observed sum (1+1) is 0.93, indicating high persistence (hysteresis) in conditional volatility.
In the next step we were interested in the unrestricted conditional variance equation (Table 7) . We found the estimated parameter 1 to be positive although significant only at the 10% level. Most interestingly, our data show a decrease in the persistence of volatility when including trading volume in equation (8), since the sum (1+1) falls to 0.86 in the unrestricted regression.
As pointed out by Piscitelli et al. (1999) , the term hysteresis, which comes from physics, has been used in economic and econometric theory to refer to two distinct phenomena: persistence in deviations from equilibria, possibly followed by an eventual return to a previous equilibrium state; and the presence of unit roots in systems of linear difference or differential equations, implying that a single temporary shock permanently changes the equilibrium path of the system. In empirical economics, however, hysteresis is used more loosely to mean that temporary shocks are observed to result in a persistent change from a previously persistent system state, even though this previously persistent system state cannot be verified to be in equilibrium and the persistent change cannot be verified to be permanent.
To some extent our results for the Brazilian stock market show weak support for the MDH model. Trading volume as a proxy for the flow of information has at least a weak effect on stock returns volatility. On the other hand, we found the parameters 1 and 1 to remain significant after including trading volume in equation (8). This can be seen as a signal that either trading volume might only be a rough proxy for the flow of information, or that the assumption of the MDH that information flows simultaneously into the market might be incorrect.
Causal Relationships
In order to test for causality we estimate a bivariate VAR(1) model, the results of which are shown on Table 8 . The VAR's order was chosen based on the minimization of the Akaike and the Schwartz information criteria. From Table 8 , we can see that the influence of lagged trading volume on stock returns is weak with the corresponding parameter being significant only at the 12% level (t-statistic = -1.1832). Besides, it is clear that the influence of lagged stock returns on trading volume is insignificant. However, a better picture concerning the influences of trading volume on stock returns and vice-versa can be obtained from Granger-causality tests. Table 9 reports our results of Granger testing for unidirectional causality between returns and trading volume, and between squared returns (volatility) and trading volume, respectively, based on the VAR(1) results shown on Table 8 .
As expected, we cannot find evidence of a causal relationship between stock returns and trading volume in either direction. That means that short-run forecasts of current or future stock returns in most cases cannot be improved by knowledge of recent trading volume data and vice versa. In addition, Table 9 illustrates that return volatility Granger-causes trading volume and that trading volume Granger-causes return volatility even more strongly. This means that causality between trading volume and stock return volatility occurs in both directions, although more intensely from volume to volatility. This result confirms previous findings that stock price changes in any direction have information content for forthcoming trading activities (MESTEL, GURGUL; MAJSDOZ, 2003) .
The bi-causal relationship between trading volume and stock return volatility can be seen as evidence that new information arrival follow a simultaneous process. This implies that the strong form of market efficiency holds since private information is reflected on stock prices.
CONCLUSION
In this study the empirical relationship between stock returns, return volatility and trading volume was examined by using data from the Brazilian stock market. We found evidence of a significant contemporaneous relationship between return volatility and trading volume, which is detected in the cross-correlation analysis. However, a simultaneous equation analysis show that stock returns depend on trading volume, but that this does not apply the other way round. We also find that higher trading volume is associated with an increase in return volatility and that this relationship is asymmetrical, since it is more pronounced when stock prices increase than vice versa.
Our GARCH(1,1) estimation of stock returns and volatility confirm the ARCH effects and high hysteresis in conditional volatility. The hysteresis of variance over time partly declines if one includes trading volume as a proxy for information arrivals in the equation of conditional volatility. The GARCH estimation provide an almost negligible support for the MDH (Mixed of Distribution Hypothesis), since the inclusion of trading volume in the variance equation (unrestricted estimation) produces a rather weakly significant coefficient and it does not relieve the strong ARCH effects observed in the restricted variance equation.
When it comes to Granger-causality, our results present no signs of causality between trading volume and stock returns. However, Granger causality between trading volume and return volatility is remarkably evident in both directions, although stronger from trading volume to return volatility, which indicates that information might flow simultaneously rather than sequentially into the market.
Our findings differ in some aspects from those obtained in a similar study (MESTEL, GURGUL; MAJDOSZ, 2003) . While they find only weak support for a contemporaneous as well as a dynamic relationship between stock returns and trading volume, we find significant contemporaneous and dynamic relationships between these variables. One of the reasons that can explain these differences is the method used to estimate the simultaneous equations system, consisting of Equations (3) and (4), since those authors apply 2SLS, whereas we employ full-information maximum likelihood, which tends to be more robust. Another difference relates to the Granger-causality tests. While those authors find weak evidence of a causal relationship between stock returns and trading volume, we find no causality at all between these two variables. Besides, while they find that return volatility precedes trading volume, we come across some hard evidence of a mutual causality between these two variables. Of course, since the statistical and econometric methods used in both studies are similar, the differences noticed with respect to the empirical results are likely to be a consequence of different microstructure and institutional factors, which differentiate a small but developed stock market (Austria) from a relatively small but emerging stock market (Brazil).
We believe our results can help to better understand the microstructure of stock markets, especially of the emerging variety. However, since the Brazilian stock market is thin when compared to more developed markets, additional comparable investigations with respect to other markets are desirable.
